Abstract. Using the methods originally developed for Random Matrix Theory we derive an exact mathematical formula for number variance ∆N(L) (introduced in [4]) describing a rigidity of particle ensembles with power-law repulsion. The resulting relation is consequently compared with the relevant statistics of the single-vehicle data measured on the Dutch freeway A9. The detected value of an inverse temperature β, which can be identified as a coefficient of a mental strain of car drivers, is then discussed in detail with the respect to the traffic density ̺ and flow J. 2] ), but also on psychological characteristics of driver's decision-making process. We will evince
tics of energy levels in quantum chaotic systems. Above that, we intend to demonstrate that the changes of statistical variances in vehicular samples depends not only on macroscopical traffic quantities and three traffic phases (as published in [1] or [2] ), but also on psychological characteristics of driver's decision-making process. We will evince that transitions among the traffic phases (free flow, synchronized flow, and wide moving jam) cause perceptible changes in the mental strain of car drivers.
As reported in Ref. [1] , [2] , [3] , [4] and [5] three traffic phases show substantially different microscopical properties. It was demonstrated in [6] , [7] , [8] , and [10] that the microscopical traffic structure can be estimated with the help of a repulsive potential (applied locally only) describing the mutual interaction between successive cars in the chain of vehicles. Especially, the probability density ℘(r)
for the distance r of two subsequent cars (clearance distribution) can be derived by means of an one-dimensional gas having an inverse temperature β and interacting by the repulsive potential V (r) = r −1 (as discussed in Ref. [7] , [6] , and 
where
We remark that ℘(r) fulfils two normalization conditions
and R r ℘(r) dr = 1.
The latter represents a scaling to the mean clearance equal to one, which is introduced for convenience. The abovementioned distribution (1) is in a good agreement with the clearance distribution of real-road data ( [6] , [7] , [4] , and [8]) whereas the inverse temperature β is related to the traffic density ̺. We note that the inverse temperature β can be understood as a quantitative description of the mental strain of drivers in a given traffic situation. More specially, the parameter β reflects the psychological pressure level under which the driver is if moving in the traffic stream. Whereas the free flows induces practically no mental strain of drivers, with the increasing traffic density the mental strain escalates rapidly. This will be confirmed in the following text.
Statistical variances in traffic data
Another powerful way to inspect the interactions between cars within the highway data is to investigate the traffic flow fluctuations. One possibility is to use the so-called time-gap variance ∆ T considered in paper [9] and defined as follows. Let {t i : i = 1 . . . Q} be the data set of time intervals between subsequent cars passing a fixed point on the highway. Using it one can calculate the moving average
of the time intervals produced by the N + 1 successive vehicles (i.e. N gaps) as well as the total average
The time-gap variance ∆ T is defined by the variance of the sample-averaged time intervals as a function of the sampling size N, fore appropriate to look for an alternative that is mathematically well understood. A natural candidate is the number variance ∆ N (L) that was originally introduced for describing a spectral rigidity of energy levels in quantum chaotic systems, i.e. for describing a structure of eigenvalues in the Random Matrix Theory. ∆ N (L) reproduces also the variances in the particle positions of a certain class of one-dimensional interacting gases (for example Dyson gas in Ref. [12] ) and it is defined as follows.
Consider a set {r i : i = 1 . . . Q} of distances (i.e. clearances in the traffic terminology) between each pair of subsequent cars moving in the same lane. We suppose that the mean distance taken over the complete set is re-scaled to one, i.e.
of a length L and denoting by n k (L) the number of cars in the kth subinterval, the average value n(L) taken over all possible subintervals is
where the integer part ⌊Q/L⌋ stands for the number of all 
Exact formula for number variance
Considering the probability density (1) with the only free parameter β (the inverse temperature) we aim to derive an exact formula for the rigidity ∆ N (L) of thermodynamical traffic gas (see [7] ). For these purposes we use the methods presented in [12] and [11] in detail.
Let ℘ n (r) represent the n-th nearest-neighbor probability density (n-th probability density for short), i.e. the probability density for the spacing r of n + 2 neighboring particles. Owing to the fact that probability density for spacing between two succeeding particles (cars) is ℘(r) = ℘ 0 (r), the n-th probability density ℘ n (r) can be calculated via recurrent formula
where symbol ⋆ represents a convolution of two independent probabilities, i.e.
Using the approximation of the function
in the saddle point one can obtain
fixes up the proper normalization R ℘ n (r) dr = 1. In addition to that the mean spacing equals R r℘ n (r) dr = n + 1.
According the book [12] the variance ∆ N (L) could be evaluated by the formula
is the two-point cluster function. The convenient way to calculate the asymptotic behavior of the variance
for large L is the application of the Laplace transformation to the two-point cluster function y(t) = R R(r) e −rt dr. It leads to a partial result
The small−x asymptotic behavior of the Mac-Donald's function
(where Γ (x) represents the gamma-function) provides the approximation
Applying the Maclaurin's expansion (Taylor's expansion about the point zero) of the function h(t) = t · y(t) to order t 2 we obtain
where 
Then we get from equation (6)
and
This crowns the effort to derive an exact form for the number variance. The linear dependence (7) represents a large−L approximation and its correctness is demonstrated in the Fig. 2 and Fig. 3 where compared to the results of numerical computations. 
The result of the evaluation can be seen from the Figure   5 where one can trace the significant similarities between the shape of J ′ = J ′ (̺) and inverse temperature β. 
(in each of eighty five equidistant density-subregions) whose slope χ depends on traffic density significantly. This knowledge substantially specifies the general results published in Ref. [9] .
Above that, the comparison of the exact result (10) with the number variance of traffic data has provided the remarkable possibility how to detect the mental strain level of car drivers moving in the traffic stream. It was demonstrated that the inverse temperature of the traffic sample, indicating the degree of stress of the drivers, shows an increase at both the low and high densities. In the intermediate region, where the free flow regime converts to the congested traffic, it displays more complex behavior.
To conclude, we have shown that microscopical structure of traffic ensembles is rapidly changing with the traffic density and is very well described by the one-parametric class of distributions (1) where the only parameter is the mental strain coefficient β depending on traffic density ̺.
In addition, a recent research (Ref. [13] ) shows that a suitable modification (using the knowledge presented in this paper) of Nagel-Schreckenberg cellular model would lead to an interesting progress in the traffic modelling. 
